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11 IntrodutionBeause rather simple model organisms have ontributed in our knowledge of fun-tion of human genes, it is assumed that model organisms an be utilized on researhof geneti interations too [GHH01℄. Yeast is an important model organism whenwe want to ahieve knowledge of onserved biohemial proesses [FiT03℄. Also in-formation about yest genes working together may shed some light on human genetivariation.Sequene based omparison between speies is already ommon proedure [ShI06℄.Next step is to ompare biologial networks. This kind of omparison ould be usedto predit new protein funtions and maybe this knowledge will tell us somethingmore about evolution of proteins and speies. Beause di�erent kind of biologialnetworks onentrate on di�erent aspets of networks it might be useful to ombinethese di�erent data soures to get new piture about interations within a ell.If two genes together auses lethal phenotype, this geneti interation is alledsyntheti-lethal [GHH01℄. Physial interpretation of syntheti-lethal geneti intera-tions ould reveal the funtional meaning behind these geneti interations [IdK05℄.Syntheti-lethal interations an be extrated from yeast quite easily.Mapping of syntheti-lethal interations in yeast is fast proess beause methods likeSGA and SLAM have automated it [IdK05℄. But determining funtional signi�aneof these interations is still very slow. Ideker and Kelley [IdK05℄ suggest that thesesyntheti-lethal interations ould be ombined with physial interations in orderto interpret funtionality behind syntheti-lethal interations. They have built aframework that assembly geneti interations and physial interations of yeast intomodels.Basis of this seminar report is Ideker and Kelleys paper Systemati interpre-tation of geneti interations using protein networks [IdK05℄. At the endof this report I represent their framework. First hapters desribe syntheti-lethalinterations and models generalized from these interations.2 Syntheti-lethal geneti interationsIn many proesses one defet doesn't e�et on the outome of the proess. Onlywhen defets umulate on some funtionality, whole proess will fail. For instane



2if one rung in your ladder is broken, you probably still an use the ladder. If youbrake another rung beside the �rst broken one, ladder beomes useless. This analogyapplies on geneti bakground of variation in phenotype [GHH01℄. If one gene isdeleted ell may funtion orretly if some other gene is still working �ne. Onlyafter both genes are not working, ell expresses lethal phenotype. If mutations intwo di�erent proteins ause a disease, this relation is alled syntheti-lethal genetiinteration. In many ases one gene alone doesn't a�et on phenotype beausefuntionality of genes is bu�ered with other genes. In interation network of ellthere seems to exist bu�ering in geneti variation [GHH01℄. One gene may bu�ervariation in an another gene. Idential mutation may produe di�erent phenotypesin di�erent individuals. If gene A bu�ers variation of gene B, there is at least oneallele of gene A that auses gene A to lose it's apability to bu�er variation in geneB. This bu�ering may ause syntheti-lethal relation of two genes if gene A bu�ersotherwise lethal variation in gene B.There already are methods for deteting these syntheti-lethal interations in yeastautomatially. One method is syntheti geneti arrays (SGA) [Ton01℄. In thismethod there is an array with approximately 4700 plates that eah ontain di�erentyeast knokout. Cells on eah plate are still viable. Then studied query mutationis inserted to eah plate. If ells on the plate stop growing or they die, ombina-tion of knokout originally on the plate and inserted mutation is syntheti-lethal orsyntheti-sik. Growth of mutants is monitored with automated image analysis.Other method is syntheti lethal analysis of miroarrays (SLAM) [OSB03℄. Thismethod is similar to SGA, but mutants are grown in pools. In one pool thereare only these 4700 viable knokouts and in the another pool there are the sameknokouts with query mutation. Every deletion has unique sequene �anking andthis an be used in analysis. After ells are grown in the pools ontrols and mutantsare hybridized in a miroarray and di�erenes in intensities desribe whih mutantshave grown and whih have died.3 Physial interpretationsSyntheti-lethal interations has been mapped into three kind of interpretations:between pathway-models, within-pathway models [GHH01℄, [IdK05℄ and indirete�ets [FiT03℄.Between-pathway model desribes proess where two genes in di�erent pathways



3onduts omplementary or redundant tasks. These tasks may be biohemiallydistint but interpreted funtionally, tasks are the same. One example of between-pathway interpretations is DNA repair. There are several mehanisms how DNA isrepaired and mutation at the same time in di�erent mehanisms auses DNA repairto fail. In the �gure 1 is represented between-pathway interpretation of genetiinterations. In this �gure, there are physial pathways that are onneted withseveral geneti interations.Within-pathway models are derived genes working in a same pathway or proess.In the �gure 2 is represented within-pathway interpretation of geneti interations.In this model geneti interations our within a spei� pathway. Although theseinterations seem to be majority of syntheti-lethal interations [GHH01℄ in Idekerand Kelleys experiment [IdK05℄ geneti interations were assigned into between-pathway models three and half times more often than into within-pathway models.Dataset used in their experiment might be biased beause SGA experiments areonduted only to genes that are not previously found to be essential for ell survival.Indiret e�ets an not be mapped into a physial network. A ell may respond tomutation in a gene and that way it an a�et to many di�erent pathways ausingsyntheti lethal interation. These kind of syntheti-lethal interations are preditedto be rare. At experiment of Ideker and Kelley [IdK05℄ they notied that they ouldinterpret 40% of geneti interations into between- or within-pathway models. Theirmethod ould not lassify 60% of geneti interations into either one of these models.

Figure 1: Between-pathway interpretations [IdK05℄.
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Figure 2: Within-pathway interpretations [IdK05℄.4 Framework for �nding interpretationsAlthough syntheti-lethal interations an be searhed automatially, funtional in-terpretation of these interations is very slow [IdK05℄. Ideker and Kelley [IdK05℄have demonstrated a systemati method to map geneti interations on physialinterpretation. They have built a framework that assembly geneti interations andphysial interations into models generalized from physial interpretations of genetiinterations. Physial interpretations they used were between-pathway and within-pathway models. In this hapter I present the framework they have reated and theresults they got from testing their system.Data they used in their experiment was gathered from di�erent soures. 2012syntheti-lethal and 2113 syntheti-si interations olleted from SGA sreeningwhere 132 yest genes were deleted. Another 687 syntheti-lethal interations wasfrom Munih Information Center for Protein Sequenes (MIPS). Eventually theyhad 1424 proteins linked with eah other by 4812 syntheti-lethal interations.



5Data for physial networks was olleted from DIP-database (protein-protein inter-ations), KEGG-database (enzymati interations) and from large sale study of106 transription fators (protein-DNA interations). At the end physial networksovered 94,4% of genes in syntheti-lethal interation dataset.Steps in the experiment were �rst to map geneti interations into physial inter-ations. Next physial interation models were enrihed by data about funtionalannotations from Gene Ontology database. After these steps new protein funtionsould be predited from proteins in physial interation models. Last step was topredit new geneti interations. Next I desribe more aurately eah of these stepsin framework of Ideker and Kelley.4.1 Geneti interations into physial interation modelsIn the framework geneti interations were mapped on between-pathway model andwithin-pathway model. Geneti interations related to physial interations only inlimited ases. In this model eah pathway of physial interation networks inludedprotein omplexes and other network strutures where set of proteins are denselyonneted by physial interations. Interesting pathways were those pathways thathad set of proteins that have denser geneti interations than would expet in ran-dom. These pathways were extrated from physial models omputationally.Relation of geneti interations to between-pathway models was onstruted byprobabilisti model. If geneti interations is interpreted as between-pathway model,there is a pair of physial pathways that have dense geneti interations in between.Pathway pairs were onstruted if there were onneted with many geneti intera-tions. All found pairs was sored aording to their density of onnetive genetiinterations and density of physial interations within pathway. Drawbak of thismethod is the fat that all datasets are not as preditive than others. Large net-works are more likely to generate high sores randomly. Comparison with randomgeneti interation networks was onduted in order to determine signi�ane of themodels.Within-pathway interpretations of geneti interations fall into pathways that have,beside of physial interations, also dense geneti interations. For within-pathwaymodel soring was di�erent. Soring aptured group of proteins that were interatingwith more than would happen in random. Model for this gave higher sores on set ofproteins that were interating by both geneti interations and physial interations.



64.2 Funtional annotations for modelsFor validating the models funtional annotations were inluded into them. Anno-tations were retrieved from Gene Ontology database. Proteins that had ommonmoleular funtion in pathways were enrihed with annotations. Funtional roleof proteins in a pathway had to be over signi�ant level of P=0.05 in order toannotation to be added into model. Same enrihment was done to between- andwithin-pathway models.4.3 Predition of funtions and interationsAfter models were �nished, new protein funtions and geneti interations were pre-dited from funtionally annotated models. For physial pathways that most oftheir proteins had ommon funtional annotation, rest of proteins were predited tohave same funtion. This method sueeded 63% for between-pathway models and69% for within-pathway models in a ross validation test. In the test 20% of anno-tations were removed and predited again with remaining annotations. Preditionwas sored to sueed or fail.In between-pathway models proteins in one pathway interat wit same partners inanother pathway. This auses omplete bipartite motifs to our in geneti inter-ation network. In this motif two interating proteins have every possible link intoanother two interating protein. If motif is not omplete and one link out of four ismissing, this implies that missing interation is also true. These preditions were alsovalidated with ross validation. In eight inomplete motifs this method preditedorretly 87% of geneti interations. This method relies on between-pathway modeland if these inomplete motifs were searhed from all models, predition aurayfell to 5%.In within-pathway models geneti interations were predited to proteins that hadone or more ommon neighbors. Cross validation test revealed that best preditionauray of 38% was reahed when threshold of number of ommon neighbors wasset to three. If preditions weren't made only within-pathway model, orrespondingpredition auray was only 15%.Physial interpretations of geneti interations had a major impat on preditionauray.



75 ConlusionsSome genes are not alone essential to individuals genotype. They interat and someombinations of variants of these genes are lethal. These syntheti-lethal genetiinterations an be quite easily found from yest with high throughput methods likeSGA and SLAM. Interpreting physial interations have been more laborious task.Information of these geneti interations an be ombined with interation networksand funtional knowledge of proteins in these networks. This approah gives somephysial explanation for geneti interations and it an be used for prediting newprotein funtions and geneti interations.Protein funtions and geneti interations in yeast an help understanding sameevents in human and other speies too. When biologial networks in di�erent speiesare ompared with eah other, it an be used to detet onserved networks andprotein funtions.Ideker and Kelley [IdK05℄ present a framework that an be used on systemati searhof physial relations behind geneti interations. Assembly of data from varioussoures an be used for prediting new protein funtions and geneti interations.ReferenesGHH01 Garvik, B., Hartman, J., Hartwell, L., Priniples for the Bu�ering ofGeneti Variation. Siene 9, 2001.IdK05 Ideker, T., Kelley, R., Systemati interpretation of geneti interationsusing protein networks. Nature Biotehnology 23, 2005.FiT03 Fields, S., Tuker, C., Lethal ombinations. Nature Genetis 35, 2003.Ton01 Tong, A., et al, Systemati Geneti Analysis with Ordered Arrays ofYeast Deletion Mutants. Siene 14, 2001.OSB03 Ooi, S.,Shoemaker, D., Boeke, J., DNA heliase gene interation net-work de�ned using syntheti lethality analyzed by miroarray. NatureGenetis 35, 2003.ShI06 Sharan, R., Ideker, T., Modeling ellular mahinery through biologialnetwork omparison. Nature Biotehnology 24, 2006.


